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Abstract— The concept of crowd counting is to count the
number of people in a locality using a live camera. Here we go
with the real time crowd detection of the streaming video, as we
can monitor the number of people visiting a particular place for
security purpose, surveillance of sports event, political rallies,
stampedes and various applications. The factors that reduce the
accuracy on crowd counting are similar appearance of people,
improper projection of head from the view point of the camera.
In this work, switching convolutional neural networks (S-CNN)
is used for increasing the accuracy of crowd detection and
counting. In earlier approaches the inter scene variation is not
considered but while using S-CNN the inter scene variation and
semantic analysis is considered to improve the estimation of the
count. The Shanghai-Tech data set is used to train and evaluate
the CNN model. S-CNN model is an algorithm used to segregate
the patches of the frames of the video based on the density of the
crowd and to count with more accuracy. The training data set
includes 300 images of various places and test images are taken
from the frames of the videos.

Index Terms— Image processing, Convolutional Neural
Network, Switching Convolutional Neural Network, Crowd
counting, Surveillance

I. INTRODUCTION

Crowd analysis has important applications in the scenario
of political rallies, Sport events, Surveillance, etc. Over the
last few years, researchers have attempted to address the issue
of crowd counting can be done by the approaches such as
detection-based counting, clustering-based counting and
regression-based  counting. The initial work on
regression-based methods mainly used in handcrafted
features and the more recent works use Convolutional Neural
Network (CNN) based approaches. The CNN-based
approaches have some important improvements over
previous feature based methods, thus, motivating more
researchers to explore CNN-based approaches further for
related crowd analysis problems. The CNN has contains the
two important layers are convolutional layer and pooling
layer. In our method, we used the patch based inference
approach. There may be varying crowd density with in a
single image that results in different pixel sizes per head at
different positions in the image. So in order to overcome this
issue we have used three CNN regressors each suitable for
different crowd density.so the non-overlapping patches are
generated from the frame which is allocated to the regressor
based on their density by switching network. The switching
network is trained in order to get correct estimation. Finally
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the density map generated for each patch by the regressor is
combined and the count is calculated. Then after counting of
the first frame, the next frame can be taken for counting
likewise its counting and detecting the crowd of the real time
video.

Il. RELATED WORKS

We introduce the various methods which are related to our
work. In yearly crowd detection is based on face detection
using viola-jones algorithm [4]. But this algorithm is not
efficient as much required because some images may have
faces with improper positions like they may get overlapped,
may be people face beyond one another face and it may be
captured at wrong position. After this view point invariant
approach is introduced. It is based on the orientation of the
camera, but it also not as much as accurate [1]. Because some
position of cameras does not support with this view point
invariant approach method. Later the counting is done with
help of human position based templates [5]. In this method
the human shaped templates are compared with the human
shapes in the images, but it also not giving that much efficient
as expected. Then the generic head detector is applied to get
better output [7]. Followed by this Convolutional Neural
Network is a introduced to train the system with multiple
datasets, which will increase the accuracy. Then the crowd
counting from the video can be done by image from the
framing cluster. In Multi-column convolutional neural
network, the crowd detection can be done by the density map
for the images [11]. In our approach, we use the adaptive
kernel algorithm for the density map. We counting the
number of people by adding the number of one’s in the
density map generated matrix.

I1l. PROPOSED METHOD

In our method we crowd counting from the video can be
done by using switching convolutional neural networks.
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Figure 1.a
Figure 1,a and Figure 1.b shows the frames of the video
which will be used for further processing.

Figure 1.b
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The frame is split into nine non over lapping image patches
with each image 1/3rd of the size of the original image. Then
the patch is allocated to individual CNN regressor depending
on the crowd intensity in that particular patch. For this we
consider switching CNN architecture (Switch-CNN) that
relays patches from a grid within a crowd scene to
independent CNN regressors with help of a switch classifier
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Figure 2: Flow diagram of the methodology

The independent CNN regressors are chosen with
different receptive fields and field-of-view as in
multi-column CNN networks to augment the ability to model
large scale variations. A particular CNN regressors are
trained on a crowd scene patch if the performance of the
regressor on the patch is the best. A switch classifier is trained
alternately with the training of multiple CNN regressors to
correctly relay a patch to a particular regressor. The salient
properties that make this model excellent for crowd analysis
are the ability to model large scale variations the facility to
leverage local variations in density within a crowd scene. The
ability to leverage local variations in density is important as
the weighted averaging technique used in multi-column
networks to fuse the features is global in nature.  Once all
patches of a particular image is allocated to CNN regressors
the density map of each patch will be generated and from the
density map the crowd count of each patch is calculated and
their sum is added together to get the total head count. These
all the operation are done within the seconds. Then after that
the next frame of the streaming video is taken and its follow
the similar steps mentioned above.

A. Training

In our method, we used differential training and coupled
training. The differential training on the switch helps to
choosing the best regressor for a crowd intensity of the frame.
The three CNN regressor has a different filter size that will
helps to detecting the blob based on the density of crowd in

the patch. The process of alternating the switch training and
switched training of the CNN regressors is repeated until the
correct regressor is chosen. After the coupled training the best
CNN is considered. For training we use the Shanghai tech
dataset (part A), it consists of 382 training images and their
ground truth value. In SCNN, adaptive kernel algorithm is to
generate the ground truth density for the frame. The ground
truth density will help to predict the crowd value with greater
accuracy.

B. Performance analysis

The performance of the proposed system can be evaluated by
Mean Absolute Error (MAE). The Mean Average Error is
defined as the difference between the ground truth and the
count value of our proposed iystem.
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IV. RESULTS AND DISCUSSION

The frame from the video is divided into 9 non overlapping
patches. The patch can be switched to the correct regressor
based on the intensity of crowd in the patch. Then the
regressor will generate matrix file for the corresponding
patch. The matrix file will contain Os and 1s in its cells. The
1s represent the location of the head in the patch and the rest
of the matrix is filled with 0s.The number of 1's in the mat file
of the patch represent the count and finally the count of all
patches are added to get the total count of thejimage.
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Figure 3: Patches of the frame
The 9 non overlapping patches are separated from the frame

is shown in Figure 2.

Figure 4.a. Figure 4.b.
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Figure 5.a.

Figure 5.b.
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Figure 6.b.

Figure 7.b.

Figure 8.b.

Figure 9.b.

Figure 10.a.  Figure 10.b.

Figure 11.a.

Figure 12.a.

Figure 12.b.

Figure 4 to Figure 12 shows the patches of the frame and their
respective density mapping.
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Figure 13: Original mage and the combined density mapping
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Figure 14: Detected crown marked with help of density
mappings
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Figure 15 shows the final count of the frame.
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Figure 16: Comparison graph between ground truth and
predicted value
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Figure 17: Mean Average Error

Figure 17 shows the MAE which will be decreased rapidly
when the number of iteration of training is increased. More
iteration will reduce the MAE which will reflect in accuracy.

V. CONCLUSION

In this project, crowd detection is performed using
convolutional neural networks. The advantages of switching
convolutional neural network that leverages intra-image
crowd density variation to improve the accuracy of
localization of the people. Based on the training of the CNN
regressor we got a count of the number of peoples from the
images with good accuracy. The proposed algorithm is
implemented using Shanghai Tech part A dataset and
observed that it produces the Mean Average Error value is
98.87. When the number of iteration is increased the MAE
value is further reduced. In future , we implement the same
algorithm to the multiple datasets like shanghai dataset Part B,
The UCF_CC_50 dataset, The UCSD dataset, etc., that will
help to increases the accuracy of counting.
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